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INTRODUCTION
Large trees play many important roles in the functioning and structural heterogeneity of ecosystems and habitats in African savannas (Belsky 1994 , Dean et al. 1999 , Manning et al. 2006 . They play important roles in that they bring nutrients to the surface (Ludwig et al. 2004) , provide shade and protection for a number of animals, including nesting and roosting raptors and bats (Galindo-Gonzalez et al. 2000 , Roche 2006 . Large trees are important in maintaining habitat heterogeneity, which in turn, maintains species diversity within protected areas (Dunn 2000) .
They are keystone structures (Manning et al. 2006) and have an effect on the distribution of other species in the landscape (Dunn 2000) . The contribution of large trees to both species and structural diversity makes understanding the factors controlling their distribution essential .
The managers of protected areas have expressed concern over an observed decline in large tree abundance in savannas (Eckhardt et al. 2000 , Whyte et al. 2003 linked to the destruction of vegetation by large herbivores, particularly elephant (Loxodonta africana) (Coetzee et al. 1979 , Dominy et al. 1998 , Jacobs and Biggs 2002b , O'Connor et al. 2007 ). The current density and distribution of large trees may be a result of historically low browser densities or a low frequency of fire prior to establishment of the protected area Getz 2005, Shackleton and , sporadic recruitment of trees (Young and Lindsay 1988, Sankaran et al. 2005) , or most likely a combination of factors, both spatial and temporal (Scholes and Archer 1997) . In smaller protected areas subjected to fluctuating environmental conditions, fine scale management to prevent extirpation of species from the area is necessary (Shafer 1995 , Turner 1996 . Understanding the factors effecting the distribution and abundance of large trees within protected areas allows managers to plan actions such as burns, and the manipulation of the densities of large mammals by culling or altering water point distribution, to increase the likelihood of the establishment and survival of large tree species (Bond et al. 2001 , Sankaran et al. 2008 ).
Niche models have become an important tool to predict the distributions of species, and are thus useful for the planning and management of biodiversity conservation (Austin and Meyers 1996 , Zaniewski et al. 2002 , Benito et al. 2009 ). The relatively small number of data points required for niche modeling using maximum entropy (MaxEnt) modeling makes MaxEnt an attractive tool (Elith et al. 2006, Phillips and Dudík 2008) . Time in the field and data collection time can be reduced as the models can predict distributions over large areas using existing environmental datasets (Dudík et al. 2007 ). Previously, MaxEnt has been used to predict the distributions of entire species rather than for modeling the distribution in a small part of the total range (Murray-Smith et al. 2008 , Benito et al. 2009 ), but we believe that there is no reason why it cannot be used at a finer scale, provided a sufficient breadth of the determining niche axes are sampled. Increasingly, protected area managers are setting targets for population size (Parrish et al. 2003) , or establishing population 'thresholds of concern' that trigger management actions (Biggs et al. 2008 ). Niche models not only facilitate better prediction of where a species may occur both within and outside of protected areas, thereby enabling more efficient censusing and monitoring (van Wilgen et al. 1998, Gillson and Duffin 2007) , but also enhance predictions of where optimal habitats occur, thus enabling management to implement actions that facilitate higher recruitment and survival of species threatened with extirpation.
Whilst several studies have focused on the interaction between the woody and grass components of savannas (Bond and Midgley 2000 , Higgins et al. 2000 , Bond et al. 2005 , few have examined the determinants of woody cover in savannas, and these have largely focused at the biome level (Bond et al. 2005 , Sankaran et al. 2005 . Autecological studies of single woody species are rare. Quantifying the effects of environmental variables on the distribution and abundance of individuals using niche modeling can help allude to the importance of particular variables in determining the distribution of individuals. It also investigates the relationship between these variables and the probability of finding an individual at a particular location Dudík 2008, Rebelo and Jones 2010) .
We therefore aimed to determine the factors affecting the distribution of two well-utilized, large tree species with different distributions within a protected area. We (1) sampled the distribution of each species and then (2) linked these data to the environmental conditions at each location to predict a potential distribution using a MaxEnt niche model. (3) We tested the model predictions using a discrete data set. (4) We used the MaxEnt response curves for each species to determine the differences in the environmental determinants of the distribution of each species. (5) These results were then used to establish what mitigating measures might be possible to reduce the loss of large trees in protected areas that conserve large mammalian v www.esajournals.org herbivores. Finally, (6) to introduce an application of niche modeling of large trees to the planning of conservation measures in reserves, we used the movement of elephant to demonstrate how botanical reserves could be planned within a game reserve, guided in part by areas that could support large trees.
METHODS
The study was carried out in HluhluweImfolozi Park (HIP), KwaZulu-Natal, South Africa (28802 0 24 00 S, 32803 0 36 00 E) covering 900 km 2 . The park has a strong rainfall gradient from 990 mm of rainfall in the north eastern Hluhluwe section, to 635 mm in the south western Imfolozi section. Temperatures range between 138 and 358C, and elevation ranges from 60 m in Imfolozi to 600 m in Hluhluwe. The topography of the reserve can be split into three broad categories, from the steep slopes in the northern Hluhluwe section to the rolling hills of the central corridor section, and the river basins of the Mfolozi Rivers in the Imfolozi section. One hundred and seventy two elephant were introduced into the reserve between 1981 and 1993, with the population in 2010 estimated at 550. They were extirpated from the region 91 years ago (Dominy et al. 1998) , and probably occurred at low densities for a few decades before this. Several other large browser species occur at population sizes greater than ;200 individuals, including black rhino (Diceros bicornis), giraffe (Giraffa camelopardalis), Greater kudu (Tragelaphus strepsiceros), nyala (Tragelaphus angasii ) and impala (Aepyceros melampus), with smaller browsers, including red duiker (Cephalophus natalensis) and grey duiker (Sylvicapra grimmia), at low densities. The current distribution and abundance of large trees within the reserve is therefore influenced by 28 years of relatively low elephant impacts as numbers increased Biggs 2002a, Shannon et al. 2008) , following from their previous absence (Spinage and Guinness 1971) .
Two tree species, Acacia nigrescens Oliver (Fabaceae) and Sclerocarya birrea (A. rich.) Hochst. subsp. caffra (Sond.) Kokwaro (Anacardiaceae), were selected for the study. Both species are used intensively and impacted, by elephant Biggs 2002a, Boundja and Midgley 2010) , especially when bark removal by elephants is followed by fire (Moncrieff et al. 2008) . The seedlings are also browed by other species (Moe et al. 2009 ). The two species have different distributions with A. nigrescens being more clumped within the reserve, while S. birrea trees are found at lower densities over a wider area. The currently observed loss of these species to browsing pressure from animals, and pushing and debarking from elephant, has raised concern about threats of extirpation (Coetzee et al. 1979 , Jacobs and Biggs 2002a , Fornara and Toit 2007 . Sampling was conducted in February 2010. The transect lines used for sampling were those used by the park management for animal census counts (Fig. 1) . We sampled all individuals of the two selected species ! 5 m in height within a 5 m width on either side of the line. We located and walked transect lines using a Trimble 2005 Geo XM and ESRI Arc pad in which the previously digitized transect lines and 5 m buffers were stored. We estimated the height of individual trees relative to the known height of a field assistant . These transects were originally laid out to adequately sample the different habitat types and to cover the spatial extent of the reserve (Kraus 1997) . We sampled 20 transects with an average length of 2.15 km and covering a total length of 43.06 km. We recorded 179 A. nigrescens trees and 106 S. birrea trees.
In this study, we chose environmental raster data to be used by MaxEnt for variables, including three categorical variables (geological, soil, and vegetation type) and four continuous variables (aspect, elevation, slope, and predicted annual rainfall). The geology, soils and vegetation maps were after Howison (2009) . We created the aspect, elevation and slope layers using ESRI Arc Map and the national 1:50,000 topographic map layers. For rainfall patterns, we used the South African rainfall atlas map (Zucchini and Nenadi c 2006) . We used the map with the v www.esajournals.org smallest raster squares as a base map to clip the other maps in ESRI Arc Map, which resulted in the maps having a raster cell size of 45.1 3 45.1 m.
Maximum entropy modeling (MaxEnt) uses techniques developed from machine learning, allowing empirical data to be used to predict the probability of finding something under certain conditions distributed in space (Dudík et al. 2007) . MaxEnt uses presence only data by generating random test points. We ran the model 50 times for each species, using cross validation to test accuracy. For this analysis, we used the suggested default settings, which have been shown to yield robust results (Phillips and Dudík 2008 ). An important part of determining the ability of niche models to predict the distribution of a species is having a measure of fit. A common method for determining the fit of a model is using the AUC (area under the curve) of the receiver operator curve (ROC) (Phillips and Dudík 2008) . For this purpose, MaxEnt uses a percentage of points of occurrence of individuals selected randomly from the data set to test against. A model with AUC values greater than 0.75 is predicting the distribution of test points accurately (Phillips and Dudík 2008) . To generate the final maps and response curves, we then ran the model using all data points, i.e., including the test data, and run 50 times with cross validation.
A problem identified with testing a model using AUC is the autocorrelation of points used to test and build the model (Jorge et al. 2008 , Veloz 2009 ). A more powerful method to test the model is the use of an alternative data set to test against (Fielding 1997) . For ground testing, we used a separate set of vegetation quadrats to test the accuracy of the model. These quadrats were sampled in 1999 and covered a large proportion of the study area (Boundja and Midgley 2010) . Quadrats were 50 3 50 m, which is comparable to the cell size for the model of 45.1 3 45.1 m, located randomly and thus not influenced by the results of the MaxEnt analyses. We split these quadrats into presence and absence, according to whether individuals of the particular species (taller than 5 m), occurred in the quadrat or not. We used a 10th percentile threshold to classify the raster cells in the MaxEnt output as presence or absence (Raes et al. 2009, Rebelo and Jones 2010) . The quadrats could then be split into categories of absence or presence and incorrectly classified or correctly classified by the model. To assess the ability of the model to correctly predict whether or not a quadrat included the particular species, we constructed a confusion matrix (Fielding 1997) . Five measures of fit were used to assess the ability of the model to classify quadrats. Kappa statistics range from À1 to þ1 with higher values (closer to þ1) indicating that the model is predicting better than random, zero indicating that the accuracy could be a result of chance, and anything below zero indicating that the model is predicting presence and absence v www.esajournals.org worse than random. Other measures of fit included accuracy, which is the rate of correctly classified quadrats; sensitivity, which is the likelihood that the presence/absence map would correctly predict presence in test quadrats indicating omission errors; and specificity, which is the probability of the map correctly, predict absence quadrats indicating commission errors (Allouche et al. 2006) . The fifth indicator calculated was the TSS (true skills statistic), which is the specificity plus the sensitivity, minus one, which is an indicator of the total model performance. In addition, we divided MaxEnt scores into 0.1 intervals and the number of presence and absence quadrats associated with each score class. This is related to the frequency of scores in each class, and the percentage of present and absent transects in each MaxEnt probability class calculated.
Initially, we ran the models and tested the kappa statistic calculated as outlined above. The optimal regularization multiplier variable was determined by changing regularization multipliers in steps of 1; increasing from 1 to 10, and running the model 10 times for each change with crossvalidation. We then used the test quadrats to calculate a Kappa score for each run. We plotted these scores in a graph, and used the point in the graph which had the highest Kappa, to calculate distributions in the final map. For A. nigrescens, the highest Kappa statistic was at a regularization of 2, and for S. birrea, at a regularization of 1. A higher Kappa statistic indicates that the results of the model better fit the predictions made for the presence and absence in the test quadrats. Graphical results were calculated using the optimal regularization multiplier. The details of the MaxEnt model, graph showing the Kappa statistic with changes to the regularization multiplier and response curves are shown in the Appendix.
We used data from five GPS-collared, adult female elephant in HiP, each representing a separate herd. Locations were recorded at 30 min intervals, from October 2006 to September 2008. This produced 149,238 recorded locations. We used these points to create a kernel density raster map using ESRI Arc Map Spatial Analyst kernel analysis tool. A high density of points in an area is likely to indicate that the elephants were utilizing this area as elephant spend large amounts of time feeding (Beekman and Prins 1989) . Kernel densities have been used in a number of studies to determine the spatial utilization of the landscape by animals (Worton 1989, Seaman and Powell 1996) . For this study we simplified the analyses by combining all the data collected for all elephants. We summed the raster grid densities for A. nigrescens and S. birrea to give a single raster map. Thus, each cell indicates the probability of occurrence of both species, with a maximum density of two. We then divided these values by two, to make the map values a fraction of one. The elephant point density values for each raster square were divided by the highest density to calculate the proportion of the highest density of each raster cell. If elephant point density is considered to show the most likely location in which elephant impacts will be high, the elephant point map can be combined with the MaxEnt probability maps for the trees in two ways. (1) The elephant point density can be added to the MaxEnt probability map to show where trees are more likely to be threatened by elephant. (2) If elephant impacts are considered negative, point density can be subtracted from the MaxEnt probability map to show where there is least conflict. This map, together with the elephant distributions, can be used to estimate the placement of a botanical reserve that would optimize the conservation of both tree species and elephants, by identifying refuges for trees outside of key forage areas for elephant.
RESULTS
The AUC values for both A. nigrescens (0.93) and S. birrea (0.797) indicated that the model fit well to the data used (i.e., .0.75), and that the model for A. nigrescens was likely to be predicting somewhat better than the model for S. birrea. The probability distribution maps produced by MaxEnt indicated distinct differences in the spatial distribution of each species. The niche model prediction for A. nigrescens indicated that the species is restricted to the iMfolozi section, with only a small patch in the Hluhluwe and Corridor sections (Fig. 2 ). S. birrea had a wider predicted distribution than A. nigrescens; where it was predicted to be most common in the corridor section of the park, in small areas in the v www.esajournals.org Fig. 2 . Probability of occurrence or habitat suitability maps produced by MaxEnt for (a) Acacia nigrescens and (b) Sclerocarya birrea. A probability of one indicates a high likelihood of finding the species within the raster square, and zero indicates that it is unlikely that the species will be found there. Hluhluwe section, and over a wider area in the Imfolozi section, although with lower probability (Fig. 2) .
The AUC values that use a percentage of the recorded locations to construct the model are likely to be autocorrelated and give higher AUC values (Veloz 2009 ). Thus, we required the use of another source of data to test the model.
We calculated the proportion of quadrats which were correctly predicted by the MaxEnt map using the 10th percentile threshold of presence, by extracting MaxEnt probabilities for each quadrat and separating those that were above and below the threshold (Fig. 3) . The proportion of test quadrats that correctly matched model output are shown in Table 1 , and the test statistics derived from this are shown in Table 2 . The model for A. nigrescens had a higher accuracy than the model for S. birrea. Both species had similar values for sensitivity, which were not high, indicating that the models were both over-fitting the data and omission errors were occurring (Table 2 ). The specificity statistic for both species was higher than the sensitivity score and the value for A. nigrescens was higher than S. birrea, which indicates that the model produced fewer commission errors ( Table 2) . As expected, the Kappa statistic and TSS had similar values. Both measures take into account the variability in the model that could exist by chance, but TSS is less sensitive to prevalence in the data set. Both measures showed that the model for A. nigrescens was predicting the distribution better than that for S. birrea ( Table  2 ). The results from the model for S.birrea using these test results indicated that though it was a relatively poor fit to the quadrat data the AUC predicted that the model was accurate. It is therefore imperative that studies using these techniques use independent test data, to evaluate the accuracy of models.
To make sense of the low Kappa statistic and TSS, we examined the distribution of transects of both types across the MaxEnt probability spectrum. A large proportion of the test quadrats with individuals present overlapped the 0-10% probability raster squares (Fig. 4) , suggesting weak prediction. However, the distribution of areas within each probability class predicted by the model showed that there was a high proportion of the area in low probability classes represented by the available proportion (Fig. 4) . Thus, we used a relative measure, which resulted in the percentage of all quadrats in each probability class in which individuals were present, having a better predictive ability (Fig.  5) . This indicated that the model for A. nigrescens was more accurate than S. birrea (Fig. 5) .
The AUCs calculated for each variable had a higher value for A. nigrescens than S. birrea, except for soil type. Aspect, slope, geology, soil and vegetation had relatively low AUC for both species. Of these variables, aspect was slightly higher for A. nigrescens, and soil for S. birrea. The variable with the second highest AUC was elevation, and the highest was rainfall. Highest AUC values were obtained with all variables included, with little difference when any one variable was excluded, indicating that the variables were correlated to some degree. In the model, the absence of rainfall caused the lowest drop in AUC, indicating that a larger proportion of the predictive power of the model was due to this variable. Elevation was the next most Fig. 4 . The distribution of a quadrats with and without each species present, compared to the availability of areas within probability categories and the distribution of transects within the MaxEnt categories. The expected trend would be that presence quadrats would have a greater distribution in higher MaxEnt probability classes and absence quadrats would have a higher proportion in low MaxEnt probability classes. Available ¼ the number of test plots overlapping cells that fell into each MaxEnt probability class as a percentage of the total number of cells in the map. Transects ¼ the number of test quadrats overlapping cells in each MaxEnt score range as a percentage of the total number of test quadrats in the reserve. Present ¼ the number of test quadrats with individuals of the species present, overlapping cells in the probability range. This is calculated as a percentage of the total number of test quadrats with the species present in the reserve. Absent ¼ the number of test quadrats with individuals absent, overlapping cells in the probability range. This is calculated as a percentage of the total number of test quadrats in which the species was absent in the reserve.
v www.esajournals.org important as a predictor.
The probability of occurrence of both species declined with increasing slope, from 08 for A. nigrescens and from 48 for S. birrea. The two species responded differently to aspect, where the probability of occurrence for A. nigrescens peaked at 508 (East North East), and S. birrea from 3008 to 3608 (West North West to North). S. birrea occupied a wider range of elevation than A. nigrescens, peaking at about 140-150 m, before dropping and then increasing in probability of occurrence from 300 m to 500 m. In contrast, A. nigrescens peaked at 50 m, before dropping down sharply. As expected, the probability of occurrence was strongly influenced by vegetation type. A. nigrescens had a higher probability of occurring in fine leaved woodland, riverine forest and broad leaved woodland, while S. birrea had a high probability of occurring in induced thicket, riverine forest and fine leaved woodland.
The elephant point density map was combined with the MaxEnt tree score map (Fig. 6) . The combination of these two maps allows for the position of a possible location of a botanical reserve to be evaluated, in which the combined MaxEnt score is high and the density of elephant points is low. Areas in which elephant are spending less time, and where large trees have a high probability of occurring, may provide refuges to large trees. From the relatively low MaxEnt score over the whole reserve, produced when probabilities are summed (Fig. 6b) , it can Fig. 5 . The number of test quadrats in which the species occurred that overlapped each MaxEnt score range. This is given as a proportion of the total number of test quadrats that overlapped each probability range. An increasing percentage should occur as the MaxEnt score category increases.
v www.esajournals.org Fig. 6 . Map showing the combined MaxEnt probability with elephant density map: (a) the elephant point density map and (b) the combined MaxEnt score for Acacia nigrescens and Sclerocarya birrea. To combine the two maps, the point density was divided by the highest density to make it a fraction of one. (c) The addition of the MaxEnt and elephant point density scores to indicate areas of conflict with high elephant usage; and (d) the elephant point density subtracted from the MaxEnt probability to show areas with least conflict, orange shows areas of least conflict between elephant presence and possible large tree occurrence. This map can be used to assist in the placement of potential botanical reserves which simultaneously protect large trees and minimize the exclusion of elephants. We used a standard deviations color stretch to highlight areas of conflict or areas of least conflict.
be assumed that there is not a high degree of distribution overlap between tree species. Despite a general lack of co-occurrence of the two tree species in raster squares, areas where botanical reserves, or the implementation of other management interventions, may be least or most promising for implementation, are identified ( Fig. 6c and d, respectively) .
DISCUSSION
The use of GPS and GIS to sample transects for large trees was successful, allowing transects to be sampled quickly and efficiently ). This permitted a large enough area to be sampled in order to give a representative distribution of the species modeled in the study. Due to the relatively low density of trees !5 m within the savanna system, it was imperative that the methods used would allow a large area to be sampled. Traditional methods of sampling transects, such as the use of a tape to measure distance and to keep the transect in a straight line (Bauer 1936) , would have taken a large amount of time. However, possible inaccuracies introduced by our method include inaccuracy of GPS coordinates due to factors such as signal reflection, poor satellite geometry and poor signal quality, which are usually a result of tree cover or atmospheric conditions (Rempel et al. 1995) . A negative impact of using transects to sample for MaxEnt analyses is the autocorrelation caused by sampling within transects, since this causes clumping of recorded points which have a non random distribution (Jorge et al. 2008 , Veloz 2009 ). This causes inflated AUCs which would usually be used as an indication of model accuracy. Future studies may reduce the impacts of spatial autocorrelation by using a plot format similar to that used by the test data. Plots can be divided into presence and absence which would also allow the use of presence/absence models.
Interpreting probability maps is complicated by the lack of definitive thresholds, when deciding at what threshold above zero an individual may be found (Liu et al. 2005) . Our ground testing methods used a double-blind method, as opposed to the testing methods used by Rebelo and Jones (2010) , who used transects to ground truth the probability distribution maps for Barbastella barbastellus bats in Spain. The distributions of test quadrats in this study were random, with relatively few falling within high probability MaxEnt score categories. The results from the Kappa analyses of the presence/absence of the species in quadrats were therefore not as high as they may have been if data were collected with larger numbers of transects in the high probability categories. The ability of niche models to better predict the locations of species which have more restricted distributions, has been shown in previous studies (Brotons et al. 2004 ). The Kappa statistic indicated that the model for A. nigrescens fit the test quadrat data better and is likely to be more accurate than for S. birrea. This may be because the variables selected to construct the models are more relevant to the distribution of A. nigrescens on a fine scale (i.e., at the scale of the reserve). In addition, in terms of the distribution of each species, HiP is located close to the southern extent of the distribution of A. nigrescens, while the distribution of S. birrea reaches farther south (Boon 2010) . The topographic and environmental variable such as rainfall may be a stronger factor influencing the distribution of A. nigrescens than S. birrea, which is more likely to be found throughout the reserve. The locations of S. birrea may therefore be more strongly linked to the fire regime or herbivore pressures within the reserve, rather than simply to environmental variables.
A difference in rainfall tolerance is likely to cause the split in distribution of the species, with S. birrea being found at intermediate rainfall and A. nigrescens being restricted to the lower rainfall areas in iMfolozi. The split is likely to be correlated with elevation, since there is a rainfall gradient present with more rainfall in the higher areas of the park (Skowno et al. 1999) . The response curves for rainfall indicate that A. nigrescens is restricted to areas of lower rainfall, which occur in the south of the reserve; and S. birrea has a much wider tolerance for rainfall within the reserve. Using rainfall in isolation, the AUC for A. nigerscens was higher than for S. birrea, which indicates that rainfall is restricting the distribution strongly. The large square patches within the predicted distribution of A. nigrescens are likely to be a result of the model predicting a low probability of this species' occurrence within those rainfall raster cells.
The variables used as niche descriptors in the v www.esajournals.org model in this study are all surrogates or indirect measures of the actual limiting resources and conditions that define the niche (Peterson 2001) . They also comprise a subset of the full niche description. The model prediction provided was more accurate for A. nigrescens than for S. birrea as shown by their ability to accurately predict presence or absence in test plots. We have used both species to illustrate a possible use of these results for planning and management purposes in the context of large trees in protected areas. The low correspondence between the presence of individuals in relatively small test quadrats, and the model output in the same size small cells, is not surprising, and does not nullify the suitability of the method as tool in this instance. There are many reasons why individuals might be absent from suitable habitat, in reality as well as that defined by the model. The random events that influencing both seedling and adult mortality, such as fire occurrence, browsing pressure, episodic droughts and floods (Ben-Shahar 1991) , can result in a suitable site not being occupied. The question addressed here is whether the predictions are of a suitable quality to enable effective conservation measures to be implemented that might ensure the persistence of large trees. Effective management actions are those that result in increased recruitment and survival of recruits and adults (Muller 2002) . The distribution of size classes in reserves is an important consideration when determining the viability of these large tree populations (Helm and Witkowski 2012) . With recruitment rates being linked to the production of fruit, it is important that trees which are producing large amounts of fruit are preserved in reserves to ensure that sustainable recruitment rates are taking place (Emanuel et al. 2005 , Helm et al. 2011 . The majority of research has been focused on assessing the recruitment and distribution of height classes of S. birrea due to its commercial usage, but it can be assumed that similar height class distributions will be present for A. nigrescens. Both species have been shown to be experiencing losses of individuals in large height classes within protected areas in which elephant are present (Moncrieff et al. 2008 , Helm et al. 2009 , Shannon et al. 2011 . Focusing management strategies and actions on areas which are conducive to the growth of large trees of each species will be important to maintain populations of each species in reserves (Helm and Witkowski 2012) . Such actions comprise activities such as increased seed dispersal by human agents, or by removing seed predators or reducing browser numbers in order to control the effects of herbivores on vegetation (Lombard et al. 2001) . Three methods have been proposed: the establishment of botanical reserves (Lombard et al. 2001) , herbivore culling (Gordon et al. 2004) , and the removal and improved planning of water-point locations (Thrash 1998) .
Establishing botanical reserves to protect vegetation from large herbivores can be achieved by placing fences around sensitive vegetation types in order to exclude herbivores, particularly elephant (Lombard et al. 2001) . In this study, we show how botanical reserve placement can be guided by niche models, indicating large tree recruitment areas. Our results indicate that it would be more difficult to create a single botanical reserve within HiP to conserve both species. However, the establishment of more than one botanical reserve, covering optimal zones which target each species individually, may enhance the conservation of these trees. The application for this type of model to the conservation of large trees in reserves is through the planning of refuges and areas in which recruitment can occur. Two important factors influencing recruitment are fire and herbivory (Dublin et al. 1990 , van Langevelde et al. 2003 , Sankaran et al. 2008 ; fire, through the frequency and intensity of burns (Williams et al. 1999 , Higgins et al. 2000 and herbivory, through its intensity, which is controlled by abundance of resources and herbivore density Getz 2005, Sankaran et al. 2005) . Both factors can be controlled to a certain extent by management interventions, which employ measures to ensure the persistence of large trees in conservation areas. Fire management in southern Africa has a long history dating back to Iron Age people burning veld (Acocks 1988) , to the implementation of burning strategies by reserves intended to maintain the balance between grasses and trees (Higgins et al. 2007 ). Current trends in fire management have shifted from block burning and set fire frequencies used in the past by management, to policies that take into account other outcomes and are used to create heteroge-neous environments in parks (Bond and Archibald 2003) . By shaping these strategies to take into account areas which are most likely to support the growth of large trees, niche models can influence fire regimes and guide adaptive management strategies (van Wilgen et al. 1998) .
Our results of the MaxEnt model predictions show that niche models can be used at finer scales. Considering the relatively poor functioning of the model for S. birrea, we recommend testing models thoroughly with independent data (Veloz 2009 ). The requirements in terms of changing the regularization factor of the model to decrease over-fitting indicated that increased parameter optimization may be required to improve model fitting at fine scales (Phillips and Dudík 2008) . The relative ease in which the above methods can be applied to manageable reserve size areas make niche modeling an important tool, as management applications can stretch towards managing many different species. The two species that have been modeled are of importance to conservation endeavors in many southern African reserves. Moreover, the application of these techniques can be applied in different geographic areas, and will improve the conservation and management of rare species and, as in our case, species 'of concern'. The extension of these techniques and models into predicting distributions outside of reserves can allow conservation to take a broader view of species conservation expanded outside of fenced areas. This may include the rehabilitation of previously transformed land, by informing the choices of species to be reintroduced. Moreover, the use of predictive climate models can be applied to niche models with relative ease, allowing predictions to be made about changes in species distribution from climate change (Beaumont et al. 2005 , Willis et al. 2009 
MaxEnt software
MaxEnt was developed for predicting the distributions of species using niche modeling techniques . Niche distribution models use the statistical relationship between the recorded locations of individuals of a particular species, and environmental variables at that location, in order to predict the probability of finding a species at a given location (Ben-Shahar 1991 , Hirzel et al. 2002 . MaxEnt uses a grid (raster) based approach in which occurrence and environmental conditions are recorded in cells of defined size. The relative likelihood of finding a species in each cell is calculated and plotted as a distribution probability map ranging from zero to one with increasing likelihood of finding the species in the cell. MaxEnt predicts the probability of finding the species within each raster square by finding the distribution of maximum entropy constrained by the expected value of each predictive variable, matched to its empirical average over the value at presence sites (Phillips et al. 2004 ). The version of MaxEnt used was version 3.3.0.
To determine the strength of each variable in predicting the distribution of a species, MaxEnt uses jackknife runs with only one variable, and then uses all other variables to determine how well the variable determines species distributions on its own, and how correlated that variable is with the other variables in the model (Phillips et al. 2004 ). The strength of prediction is measured by the area under the curve AUC of each model (Phillips and Dudík 2008) . Higher AUC values indicate that the model is predicting the location of the species more accurately than those with lower AUC values. A model with a single variable and a lower AUC than other singlevariable models, indicates a stronger predictor of distribution. The difference between the model without one variable, but all other variables, and those with all the variables, indicates the level of correlation between that variable and other variables within the model (Phillips and Dudík 2008) . When MaxEnt runs a model, variables are run in sequence and correlation effects are reduced by determining the individual contribution of variables in explaining the total variation in distribution (Phillips and Dudík 2008) .
Outputs
Selection of an optimal regularization multiplier (Fig. A1 ) was chosen as a multiplier of 2 for Acacia nigrescens, and the default value of 1 was used for Sclerocarya birrea.
Jacknife graphs are an important tool for evaluating the variables which have been used in the analyses (Fig. A2) . They show which variables can predict the distribution well, as well as those which do not. By comparing the AUC for each species with the AUC for the whole model, the correlation between the variable, and the other variables in the model, can be determined.
The response curves produced by Maxent are an important means to understand the relationship between the probability of finding the species and the variables used in the models. The response curves for each species being presented together to allow a comparison to be made between the species in terms of the probability of finding them in a place, and the value of each variable (Figs. A3-A5) . 
